Individual time preference determines schooling enrolment. Moreover, smoking behavior in early ages has been shown to be highly related to time preference rates. Insofar as discount rates are uncorrelated to ability, predicting school enrolment by discount rates can get rid of the ability bias in an earnings regression. Accordingly, we use smoking at age 16 as an instrument for schooling. Doing this for Austrian cross-sectional data, we find no evidence of ability bias in a simple earnings regression; the results are more mixed if family background is also included. 
Introduction
The estimation of returns to education suffers from a typical problem of evaluation research: as an individual cannot be observed in the counterfactual situation with different educational attainment, wages of different persons with similar characteristics -but different schooling -have to be compared. However, forward-looking individuals will choose the optimal amount of schooling based on potential earnings and costs of schooling, leading to an endogeneity problem of the schooling variable. A particular concern is "ability bias": individuals with high ability may choose more years of schooling. If ability as such fosters earnings, the OLS returns to education can be seriously overestimated.
Apart from controlling in the wage regression for ability by IQ and other test-based measures, researchers have increasingly used instrumental variables estimates to cope with the ability bias.
1 Potential instruments are valid if they help to predict schooling, on the one hand, but are not correlated with ability on the other hand. Often, variables are used as instruments that represent taste for schooling, the discount rate or budget constraints of the individuals. Whereas educational costs (distance to college, tuition costs, liquidity constraints caused by wars, etc.) have been extensively discussed, direct reliance on discount rates is rare. 2 Evans and Montgomery (1994) as well as Chevalier and Walker (1999) suggest that smoking habits are a good predictor for discount rates and use them as instruments for schooling. This goes back to the analysis of Fuchs (1982) who found that health habits like smoking are related to implicit and explicit discount rates.
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In this paper we pursue a similar strategy for Austria. Our results are the first IV estimates on returns to education for Austria. Moreover, we use smoking habits at a very early stage in life -age 16 -, an age where schooling decisions are actually taken.
Schooling choice and ability bias
In the following we present an adaptation of Card's (1999) model for the choice of schooling. Individuals will invest in schooling until the marginal return in discounted future incomes equates to marginal costs of schooling.
For simplicity, assume that individuals earn and pay nothing while in school and get earnings y = g(S) per year thereafter. With r as the discount rate and S as years of education, individuals maximize the discounted present value of future earnings:
In logs we can present the problem as a utility function approach in y and S
The optimal level of schooling is defined by the first order condition
Marginal returns and marginal costs of schooling can be individual specific and be determined by observable characteristics vectors X and Z
gЈ(S) g(S)
Here, marginal returns may depend on individual ability b i and decline with schooling, whereas marginal costs are determined by the individual discount rate r i directly from Eq. (2). We get an explicit solution for the optimal level of schooling S * :
. So the optimal level of schooling depends both on individual ability as well as on the individual discount rate. A typical Mincerian earnings function with schooling and age as a proxy for work experience would look like logy ϭ a 0 ϩ a 1 S i ϩ a 2 age i ϩ a 3 age 2 i ϩ e i .
The potential ability bias is now evident because individuals base their schooling decision on individual returns b i in Eq. (4). If b i has a direct -positiveinfluence on earnings, OLS estimates will be biased upwards. The available information on smoking habits gives us an instrumental variables strategy, because smoking is highly correlated with the discount rate but it does not influence earnings prospects directly, i.e., smoking is part of Z but not of X. This reasoning is valid if smoking (the discount rate) does not correlate with individual ability. Explaining schooling only by Z, therefore, gives us variation in schooling that is orthogonal to ability, which eliminates the ability bias. 4 Fuchs (1982) found that health habits like smoking are correlated with schooling even controlling for income.
5
Moreover, he showed that the time preference rateobtained by a questionnaire with hypothetical situations involving different sums of money at different points in time -correlated positively with smoking habits, even controlling for schooling. The exclusion restrictionwhy smoking has no direct influence on earnings -is impossible to prove directly. Ault, Ekelund, Jackson, Saba and Saurman (1991) present evidence that smokers are not more absent from work than non-smokers. On the other hand, Levine, Gustafson and Velenchik (1997) show for NLSY data that smokers do in fact have between 4 and 8% lower wages. Because of evident colinearity between smoking and schooling variables this is not a conclusive test of the exclusion restriction. But it makes clear that one should be very careful which smoking variable one is choosing. Current smoking might, for example, be related to taking more breaks to go outside, which could influence productivity directly. On the other hand, smoking on the job, where allowed, might foster concentration of workers and allow a smoother work path. Due to these problems, we use only smoking at age 16 as our preferred discount rate indicator, which should be uncorrelated with current earnings. Munasinghe and Sicherman (2001) point to a different consequence of identifying smoking with discount rates: smokers might choose occupations with flatter wage profiles, giving them more immediate gratifications.
Data and results
We use male workers from the Austrian Mikrozensus 1997 -a quarterly 1% sample of the Austrian popu-lation. 6 We use the parsimonious specification (Eq. (7)) for estimation, which includes no potentially endogenous regressors except schooling. Wages are net hourly wages. Table 1 presents OLS results along with several variants of instrumental variables estimates. The OLS model yields a return to education of 5.6% per year, which is somewhat lower than comparable results for Austria, because there age is used instead of potential experience. Fig. 1 shows the time path of smoking and educational attainment. Whereas smoking shows almost no trend over time, educational attainment shows a slight upward trend.
In column 2 we use information about smoking habits at age 16 of the individual to construct a dummy instrumental variable for years of schooling. Twenty-three percent of males smoked at that age. Returns to education are lower, but imprecisely estimated. Having smoked at age 16 reduces educational attainment by 0.43 years. As our sample contains different cohorts, and information about smoking risks was not so widespread in the earlier years, we proceed by introducing a cohort dummy for those born after 1952 and interact it with the smoking indicator.
7 Now we get a return to education of 5.0% -very close to the OLS result -which is now very precisely estimated (column 3). Whereas teenage smokers who were born before 1952 have 0.28 less years of schooling than non-smokers, smokers born after 1952 quit schooling 0.48 years earlier. As more information on smoking risks was available, the decisions of the younger cohorts are more likely to reflect discount rate differences.
A major problem of the instrumental variables approach is that smoking habits could in turn be caused by education itself. More highly educated individuals could have more information and therefore refrain from smoking. This problem is mitigated because we use age 16 as our smoking indicator, an age where most workers were still in school.
8 Moreover, if there is a knowledge effect of education on smoking behavior, it should show up in changes in smoking among those with more edu-6 See Fersterer and Winter-Ebmer (2003) for a more comprehensive analysis of returns to education in Austria. The Austrian Mikrozensus suffers from a serious non-response problem in terms of earnings: 37% in 1997. Fersterer and Winter-Ebmer (2003) suggest a sample-selection approach and conclude that this non-response does not bias returns to education. 7 The dummy for 1952 coincides also with the lengthening of compulsory schooling in 1966 from eight to nine years. We experimented also with other dates and two cohort interactions, and got very similar results.
8 It is true that for our early cohorts school leaving age was before age 16, but there is no information on smoking before age 16 in our data set. We have to assume, therefore, that smoking at age 16 does correlate with the student's discount rate at the time of leaving school. cation after age 16. For those who acquire more education but do not change smoking behavior, the knowledge effect must be limited. 9 In columns 4 and 5 we therefore concentrate on persons who did not change their smoking habits after age 16. Regardless of the inclusion of cohort interactions, we get a return to education of 5%, which is 10% below the OLS return. A variant of the above restricts the sample to current nonsmokers (column 6): the instrument is again the smoking behavior at age 16, which discriminates between "ever smoked" and "never smoked". The results confirm the previous message: the IV returns to education of 5.2% are almost identical to the OLS results of 5.6%.
For comparison, in columns 7 and 8 we present results using current smoking behavior as instruments. Here, five indicators for smoking intensity 10 are available. Using current smoking results in considerably higher returns to education. For several reasons these results are not reliable. If smoking is a normal good, current smoking can be influenced by current income. As shown by Levine et al. (1997) (current) smokers may face lower wages, thus invalidating the exclusion restriction. Finally, current smoking behavior is not necessarily related to the schooling decision taken many years in the past. In fact, the over-identification test shown at the bottom of Table 1 rejects instrumental validity clearly in both cases. This is not the case for the other instruments: in columns 3, 5 and 6 the over-id test cannot reject the null of validity of the instruments.
In the bottom panel we also present further information concerning our instrumental variables estimates. The marginal R 2 gives the marginal contribution of our instrument(s) to R 2 after including all the other exogenous variables. The marginal R 2 between 0.007 and 0.038 is relatively low, but F tests show that the instruments are highly significant in all first-stage regressions. Finally, a Hausman exogeneity test is performed to check if the IV results are significantly different from the OLS estimates. In all cases they are not significantly different.
Interpretation
In our instrumental variables estimates we find almost identical returns to education in Austria as compared to OLS. This is as expected if IV methods are to correct for ability bias. Other researchers also using smoking as an instrument find slightly higher (Evans & Montgomery, 1994 ) and substantially higher returns (Chevalier & Walker, 1999) . In some studies higher IV returns are rec- onciled by arguing that the instrument affects schooling only at the lower end of the schooling distribution (Card, 1999, Ichino and Winter-Ebmer, 2003, forthcoming), 11 i.e., a Local Average Treatment Effect interpretation of IV estimates (Imbens & Angrist, 1994) . This would mean that IV is measuring the returns to education for those individuals who change educational attainment in case they have a higher (lower) discount rate (the compliers). Why don't we find similar results for Austria? One reason could be that returns to schooling in Austria are closer to a constant return across all school types -relative to the other countries. Another reason could be the organization of education in Austria versus the US and the UK: education including the college level is 12 free without tuition; there is no big differentiation between schools and colleges -unlike the British public schools or elite colleges -, which should facilitate education of students from less-education-prone backgrounds. Finally, it has to be noted that IV estimates are crucially sensitive on the fulfillment of the exclusion restriction: if there is even a tiny direct correlation between the instrument and earnings, the resulting bias in the IV estimate is the larger, the smaller the correlation in the first stage is.
13 From outside, it cannot be judged if such a bias is existing, but Card (1999) concludes in his summary of IV studies for returns to education that IV and OLS results are not very far apart.
There is one problem which might impair this interpretation. If the discount rates are sensible to borrowing constraints, individuals from low-income families might have higher discount rates. For a random fifth of our sample we have information on parental background. We included two dummies for father's education in the wage equation to control for parental background. and -in all cases -estimated with low precision. The reduced precision of the estimates could be due to the lower explanatory power in the first stage, which is documented by a relatively low marginal R 2 . The education of the father has a prominent and significant impact on wages of the children, which in other studies is explained by family network effects. The sheer size of the effect raises some doubts for a pure family network explanation: it could also be that it covers a correlation with human capital variables, be it formal or informal schooling, intelligence or social skills. Therefore, the inclusion of family background could serve to purge the schooling coefficient from the upward ability bias. On the other hand, the main problem of the education variable could be measurement error -which could well be the case, because we are using only the variable years of schooling, which is constructed from different schooling types. In this case, the inclusion of family background would lead to an even further increased attenuation bias in the schooling coefficient because some part of true education can now be inferred from family background (Card, 1999) . While this is an intriguing problem, it might be difficult to solve because in our case the sample size for a useful IV estimation seems to be too small. 
